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Combining Watershed Segmentation with Composite-Kernels for Hyperspectral Image

Classification

Zhao Zhenkai, Yang Ming
(College of Computer Science. Nanjing Normal University, Nanjing, 210000, China)

Abstract: Hyperspectral images have been widely used in target dectection terrain classification and so on
owing to its rich spectral information. Classification, being the fundamental step to further explore the
hyperspectral images, attracts wider concern. The spatial information describes the connections between
pixels with its spatial neighbors which can help to solve the problems like metameric substance of same
spectrum, metameric spectrum of same substance and insufficient labeled samples with a high dimension
while the spectral information cannot handle well. The traditional preprocessing uses a structure element
to obtain the spatial neighbors and assist the last classification with the extracted spatial features. It is
obvious that the structure element matters, however one cannot find a suitable size to meet all demands.
For dealing with this, a method combing watershed segmentation with composite-kernels support vector
machine (SVM) is prposed. It is the characteristics of over segmentation that we use to get a self-adap-
ting spatial neighbors, containing less dissimilar pixels and being more discriminant for every pixel, then

we fuse the spatial features and the spectral through the composite-kernels SVM and give a reliable judge-
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ment. Experiments show that the proposed method can make a better use of the spatial imformation and
achieve a high accuracy with limited training samples.

Key words: image classification; hyperspectral image; watershed segmentation; spatial neighbors; com-
posite-kernels SVM
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Tab. 1 Classification accuracy for Indian Pines dataset using 5% training samples per class %
FFe5 2 IGFEA WA NN SVM-1  SVM-2  SVM-ix NCSVM A5

1 Alfalfa 3 51 36. 86 63. 33 59. 80 88.24 79.22 85. 88
2 Corn-no till 72 1362 65.07 79.32 79. 44 94.02 90. 40 96. 57
3 Corn-min till 42 792 50. 48 72.35 71.45 94.75 89. 04 96. 44
4 Corn 12 222 29.19 50.72 52. 57 88. 06 78. 47 91. 67
5 Grass-pasture 25 472 81.59 88.92 88. 37 91. 24 93.73 94. 09
6 Grass-trees 38 709 93.71 94. 26 94.78 97.94 99.17 99. 15
7 Grass-pasture-mowed 3 23 70. 87 81. 74 82.17 96. 09 92.61 93.91
8 Hay-windrowed 25 464 97. 41 97.31 98. 17 99.09 99. 98 99.99
9 Oats 3 17 55. 88 67.06 74.12 78.82 81.76 96. 47
10 Soybean-no till 49 919 69. 47 74.29 75.22 89.53 86.97 91. 45
11 Soybean-min till 124 2 344 70. 39 80. 89 80. 58 94.76 94.51 96. 30
12 Soybean-clean 31 583 36. 83 73.72 76.83 90.91 92.73 92.18
13 Wheat 11 201 97.01 98. 16 98. 86 98.71 99.20 98. 36
14 Woods 65 1229 94. 96 94.91 95.19 97.05 98.73 98. 89
15 Building-grass-trees-drives 19 361 23.85 50.78 53. 38 85. 82 72.63 88.92
16 Stone-steel-towers 5 90 86. 00 89. 44 87.56 99.22 96. 44 95.67

BARIE#H(OA) 70. 39 81.35 81.70 94. 08 92. 62 95. 85

S IE# AR (AA) 66. 22 78.57 79. 28 92.78 90. 35 94. 74

k RZH 66. 15 78.74 79.15 93. 26 91.56 95.27
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Fig. 7 Detailed comparison for the Indian Pines dataset
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Tab.2 Classification accuracy for PU dataset using 1% training samples per class %
5= 259 WIGRREAR MK FEA ENN SVM-1 SVM-2 SVM-u  NCSVM A J5ik
1 Asphalt 67 6564 74. 64 83. 44 81.99 95. 24 96. 35 96.02
2 Meadows 187 18462 96. 42 96. 14 95. 67 98. 00 99.87 98. 80
3 Gravel 21 2078 48. 40 63.59 63.96 86.59 71.04 88.77
4 Trees 31 3033 72.93 87.53 88. 65 91.55 92.75 91.05
5 Painted metal sheets 14 1331 98.58 98.51 98. 10 99. 66 99.90 99. 89
6 Bare soil 51 4978 34.97 63. 45 65. 46 84.03 71.18 89.25
7 Bitumen 14 1316 69. 00 72.77 72.86 94. 00 93. 86 96. 65
8 Self-blocking bricks 37 3645 75.40 78.55 78. 24 87.78 97. 00 90. 37
9 Shadows 10 937 83.47 96. 72 78.69 93.43 97.28 92.06
BRIERZEOA 78. 90 85. 96 85.43 93. 85 93.54 95.29
S IE R (AA) 72.65 82. 30 80. 40 92.25 91. 04 93. 65

k REL 71.08 81.13 80. 46 91. 81 91. 30 93.73
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(e) SVM-2(84.90%) (f) SVM-12(93.98%) (g) NCSVM (93.95%) (h) The proposed method(95.24%)
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Fig. 8 Classification maps and overall accuracy(OA) for the PU dataset using 1% training samples per class

ARSI EAE Z A F ) L ES IS T B i 45 R M xR
SVM-p 43 28 J7 5 o 76 4k 7R AR Tk i Rl 18R s T 43 2
KR I3k 2 88 3,6.7 28, R & £ 7618 NCSVM % 5|
A REE R, B9 454 T SVM-u, NCSVM #iI
AR SCT7 A EE L N 9 () T L & B SVM-p 7 i
XPERLL b O 6 X IR Gravel 28 2 8804 4y, EE Hh
SVM-p. [E € 1 13 £ 1 25 | (5 BB A TR G R R 7
Fih . B 9 (o) NCSVM J5 3k 32 il F M 5 28 19 45
R 1S A IXOI AR 4 B4 3 R Bricks 28000 M9
() AR L& BAS S5 ¥R AE IR 41 8 IX I B U7 Gravel 28

B T BUF i 7 45 2R I W] T B0 B A R . TR i )
75 07 0 X SRR o AR R R B A 0T Al P R T B9 PU SR 3 &

HEE R, Fig. 9 Detailed comparison for the PU dataset
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